The aim of this paper is to characterise the time series properties of earnings in Italy, using the panel data set drawn from the Bank of Italy Survey of Households' Income and Wealth (SHIW). The Bank of Italy Survey is drawn every two years: this feature raises identification problems as the first-order autocovariance is not observed. However, it is possible to use the panel dimension of the data set in order to discriminate between several specifications that imply different covariance patterns. In order to exploit the differences that may arise due to heterogeneous education attainments, estimates are performed by education group.
Introduction
The availability of longitudinal surveys has allowed researchers to model the individuals' covariance pattern of earnings over time. Several authors using US panel data have performed this kind of study 1 . In particular, MaCurdy (1982) develops a set of statistical procedures in order to choose among different specifications of the error structure. In his application to the Michigan Panel of Income Dynamics, his preferred specification is given by an MA(2) model applied to the change in (the logarithm of) earnings, which implies an ARMA(1,2) model with a unit root for the same variable expressed in levels.
Using the Panel Study of Income Dynamics (PSID), Moffitt and Gottschalk (1995) model the unobserved component of (the logarithm of) earnings as the sum of a transitory component and a permanent component; in their preferred specification the permanent component is modelled as a random walk process.
In this paper, the same line of research is followed in order to characterise the time series properties of earnings in Italy, using the panel data set drawn from the Bank of Italy Survey of Households' Income and Wealth (SHIW). The Bank of Italy Survey is drawn every two years: this feature raises identification problems as the first-order autocovariance is not observed. It is therefore not possible to distinguish among stationary models that imply one-lag covariances in the structure, as would be the case of an MA(1) component.
However, it is possible to use the panel dimension of the data set in order to discriminate between several specifications that imply different covariance patterns. In particular, it is possible to characterize both the standard permanent-transitory model and models that contain AR(1) components. In addition, in order to exploit the differences that may arise due to heterogeneous education attainments, estimates are performed by education group.
Results show that the AR(1) plus individual effect model provides the best characterisation of the unobserved component of the earnings process. The estimated autoregressive parameter however is well below unity, indicating stationarity.
Section 2 develops the theoretical models that will be tested in the empirical analysis, section 3 gives a brief description of the data set, and section 4 presents the results. Section 5 concludes.
1 Among others, Lillard and Willis (1978) , Abowd and Card (1989) , and Gottschalk and Moffitt (1994) use the PSID data set in order to characterise the earnings process.
Models for the Earning Process
The empirical formulation for the earning process typically used in the literature 2 is:
y is the natural logarithm of real earnings of the i-th individual at time t, where the index a (age) has been added to stress the fact that the variables in the model may as well depend on the position of the individual over the life-cycle.
a it X is a (k×1) vector of observable variables, β is a (k×1) vector of unknown parameters, and a it u is an error term which represents unobserved characteristics determining earnings. The variables included in X are a polynomial in age, which captures the life-cycle profile of earnings, measures of education and other information available about the labour supply behaviour of the individuals in the sample. In addition, time dummies for each period are included in order to capture the common period effects. Consequently, the disturbances a it u are assumed to be independently distributed across individuals but not over time. Modelling their covariance structure is the main concern of this study. Several specifications have been proposed and tested in the literature: here the attention is concentrated on those specifications that can be identified using the Bank of Italy panel data set, which collects data every two years.
Permanent-Transitory Model
The simplest model for the earnings structure that has been studied in the literature is the permanent-transitory model, where the unobserved component of earnings for an individual i of age a is decomposed into a permanent component which is time invariant ω is an MA(1) process:
The theoretical moments implied by this structure are shown in the appendix. It should be noticed that the autocovariance function of an ARMA(1,1) model depends on the MA parameter at lags greater than one. However, failure to observe the first order autocovariance may render the empirical identification of such a parameter more difficult to achieve 4 .
Estimation is carried out using the minimum distance method, which compares the sample moments to the theoretical ones (Chamberlain, 1984) . Denoting the (m×1) vector of sample moments as π and the vector of theoretical moments as ) (α π , which depends on (n×1) unknown parameters (with n<m), the minimum distance method minimizes the function:
where V is a weighting matrix. When V is taken to be the inverse of the matrix of fourth moments the estimator is the well-known optimal minimum distance (OMD). However, Altonji and Segal (1996) warn about the bias that arises when estimating covariance structures of this type, and suggest the use of the equally weighted minimum distance (EWMD) which replaces V with the identity matrix. The latter strategy will be used in the estimation.
The Data
In order to model the earnings structure and its time series properties, the panel sample The dependent variable used in the analysis is built upon the logarithm of real annual gross earnings of each individual in the sample who reported positive earnings and classified himself as dependent worker (either in the private or in the public sector) 6 . Annual gross earnings have been deflated using the ISTAT consumer price index, and they are expressed in 1998 prices. The analysis is carried out using only male workers aged between 22 and 60, as for male workers the participation issue is less stringent than for female workers. After applying the selection criteria, the overall sample consists of 5,231 observations, of which 3,329 employed in the private sector.
The variable actually used in the analysis is built as the residuals from regressions of the logarithm of gross earnings on a polynomial in age and cohort dummies, controlling for education. In particular, the sample has been divided into 6 year-of-birth groups, in order and in the public sector respectively, which has been considered too small to be treated separately in the analysis.
Figures 1 and 2 plot the sample variance and the second-and fourth-order covariance of the (residuals of) gross earnings both for private and for public sector dependent workers against age. Both figures show that variances and covariances do not appear to increase 6 Earnings are gross of income tax but net of Social Security contributions. The variable actually reported in the Survey is "normal annual net earnings". However, as detailed demographic information is available in the data set, gross earnings have been computed for each individual in the sample. 7 The quantitative importance of the cohort effects in the cross-sectional variance of earnings has been documented for example by Deaton and Paxon (1994) and Storesletten et al. (2000) . 8 It is not possible to separately identify age, cohort and time effects without any further assumption, as they are linear combinations of one another. In the analysis it is therefore assumed over time, a feature that is captured by stationary models. In addition, covariances of increasing order appear to decrease slowly, indicating some persistence in unobservable earnings.
Results
Minimum distance estimation of the models described above has been performed separately for private and public sector workers. In addition, estimates for different education groups are reported. Tables 1 and 2 report estimates for the permanent-transitory model described by equation (1) Estimates of the ARMA(1,1) model plus a fixed effect are shown in tables 5 and 6 for private and public sector workers respectively. The moving average parameter is not statistically different from zero, while the other parameter estimates are close to those obtained for the AR (1) representation. In addition, the residual sums of squares are very close for the two models.
This evidence suggests that, given the data set used, the best characterization for the unobserved component of earnings in Italy seems to be represented by the sum of a stationary AR(1) model and a fixed effect.
Conclusions
In this study the panel drawn from the Bank of Italy Survey of Households' Income and
Wealth has been used in order to characterise the covariance structure of the unobserved component of earnings.
Various models have been estimated for different sectors (private and public) and for different education groups, in order to exploit the differences that may arise due to heterogeneous education attainments. The specification that better captures the features of the data is a model given by the sum of an AR(1) component and an individual fixed effect.
The autoregressive coefficient has been estimated to be around 0.55 in the private sector and 0.8 in the public sector. In the latter group, parameter differences among education groups are found statistically significant, while in the former differences in the estimated parameters for the two education groups do not appear to be statistically significant. Wald statistic: χ 2 (2)=3.16 Wald statistic: χ 2 (4)=3.74 Wald statistic: χ 2 (4)=1.98 
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ESTIMATION
Estimation is carried out using the minimum distance method, which compares the sample moments to the theoretical ones (Chamberlain, 1984) .
The sample moments are built using the residuals of log earnings as described in section 3
in the text. Denoting the (m×1) vector of sample moments as π and the vector of theoretical moments as ) (α π , which depends on (n×1) unknown parameters (with n<m), the minimum distance method minimizes the function:
where V is a weighting matrix. Following the findings in the study by Altonji and Segal (1996) on the bias that arises when estimating covariance structures of this type, the identity matrix has been used in estimation, i.e. V=I. The equally weighted minimum distance estimator obtained has the following distribution 10 :
The variance-covariance matrix is defined as:
where G is a ) ( n m × matrix of first derivatives, and V is the ) ( m m × variance-covariance matrix of the moments considered. Each element in V is computed using the residuals for each observation i:
As the panel is unbalanced, a different number of individuals will contribute to different elements in W. To ease notation, this is left implicit in the above formula.
It has been tested whether the parameters are different for the two education groups 10 Under some regularity conditions. See Hansen (1982) for a detailed exposition. considered in the estimation. Given the asymptotic normal distribution of the EWMD estimator and the fact that the two samples are independent, the Wald statistic has been computed to test the joint hypothesis that all the parameters are equal in the two groups (group 1 and group 2):
which is distributed as a chi-square with n (the dimension of the parameter vector) degrees of freedom. 
SAMPLE MOMENTS
Sample moments have been built on the residuals of regressions of the logarithm of gross yearly earnings on an age polynomial and cohort and time dummies. Age, cohort and year effects cannot be separately identified without making some further assumptions, as they are linear combinations of one another. In the analysis it is therefore assumed that the time effects are orthogonal to a time trend and add up to zero.
In order to control for education, regressions are estimated separately for each education group (up to 5 years, 8 years, 13 years or 17+ years of education). To compute the sample moments, only two education groups have been considered (high school dropouts and high school and college graduates).
Five-year date-of-birth cohorts have been built, the younger cohort being born in 1963-1967, and the oldest in 1938-1942 . The resulting cohorts are six and they are observed for 5 time intervals.
In the panel data set, individuals belonging to the younger cohort are observed at ages 24, 26, 28, 30 and 33. For these individuals it is therefore possible to compute 5 variances, 3
second-order covariances, one third covariance and so on. Other cohorts are treated similarly. In total there are 30 variances, 18 second order covariances, 6 lag three covariances, and so on. 
